Background Study of meta-transcriptomic datasets involving non-model organisms represents bioinformatic challenges. The production of chimeric sequences and our inability to distinguish the taxonomic origins of the sequences produced are inherent and recurrent difficulties in de novo assembly analyses. The study of holobiont transcriptomes shares similarities with meta-transcriptomic, and hence, is also affected by challenges invoked above. Here we propose an innovative approach to tackle such difficulties which was applied to the study of marine holobiont models as a proof of concept.
holobiont system, being composed of the host and its symbiotic microbial communities offers the 27 opportunity to characterized functional aspects through their expressed genes, and so in different 28 abiotic conditions/decoupling the functional/metabolic role of each partner.
29
Currently, RNA-seq approaches are the best available tools to obtain large amount of genomic 30 information from uncultured organisms isolated in the environment [12, 13] . RNA sequencing for a 31 holobiont is now possible [14] [15] [16] and has promoted the development of sequencing projects [17] 32 for non-model organisms. Non-model holobiont RNA-seq datasets corresponds to a mixture of 33 data coming simultaneously from the host and from the symbiont(s). Studying such datasets share 34 similarities with meta-transcriptomics and requires de novo assembly of transcripts sequences,
35
which implies large computational resources and has the potential to introduce biases such as 36 generating numerous chimeric sequences resulting from the mis-assembly of RNA fragments from 37 the host and from the symbiont(s) [18, 19] . A variety of analysis strategies has been developed to 38 address meta-transcriptomic challenges. Some of these strategies avoid the assembly step to 39 focus on identifying abundant species and significant functional differences between meta-40 transcriptomes directly from raw data [20, 21] . Other strategies use statistical tools and machine 41 learning algorithms to improve the quality of de novo assembly of meta-transcriptome by learning 42 from their abundance information [22] .
43
Here we developed an original strategy aiming at improving de novo assembly for newly 44 generated holobiont sequence dataset. We chose to use the Short Read Connector software in its Figure 1 Theoretical overview on the application of SRC_c on holobiont transcriptome. The comparisons to (1) host and (2) symbiont reads/sequences library are done against the entire holobiont dataset to retrieve host and symbiont similar reads. The 4 resulting subsets (host, symbiont, shared and unassigned reads) are then processed independently (de novo assembly and downstream analyses)
Results

Choice of holobiont models and building of host and symbiont reference libraries
For each of the three holobiont models (Fig. 2) , we built reference sequences libraries 77 representing host and symbiont(s) by selecting the taxonomically closest organisms available in 78 public datasets (see Methods, Additional files 1). The M1 host reference library encompasses 22 79 assembled transcriptomes from Cnidaria (including data from the host species Orbicella faveolata 80 itself) and the M1 symbiont reference library encompasses 123 RNA-seq reads datasets (including 81 the presumed major symbiont Symbiodinium spp. [38] ). The M2 host reference library involves 4
82
RNA-seq reads datasets from distinct Porifera genera (and differ from the Xestospongia genus)
83
whereas the M2 symbiont reference library corresponds to the Tara Oceans metagenomic gene 84 catalogue (OM-RGC) assembled from the pico-planktonic fractions (< 3 µm) including bacteria or 85 Archaea [39] . For M3, we used the four Rhizaria transcriptomes published so far to create the 86 reference host library whereas the same library as for M2 has been used for symbiont references.
87
All reference libraries described above include assembled transcriptomes, genomes or RNA-seq 88 raw reads datasets for eukaryotic or prokaryotic holobiont partners (Additional files 1). Their sizes 89 vary from 4.5 Mbp to 25 Gbp with sequences length from 100 bp to 84 Kbp (Additional files 1). [30] . NC means that exact number is not communicated.
90
Disentangling the holobiont sequences
To further test the usefulness of the reads sorting before the de novo assembly step, we 10 assignment performed with MEGAN6 [40] . 
142
Our functional annotations were compared to initial studies having generated these datasets. As 
153
(GO:0008152); proton transport (GO:0015992) and protein folding (GO:0006457)).
154 Table 3 De novo assembly metrics and downstream analysis of SRC_c resulting subsets for holobiont models M1a, M2 and M3. (upload as additional files) 11 
Benchmark comparisons on M3: what difference does it make to use SRC_c?
For the holobiont model M3, assembly metrics, abundance of chimera and functional contents (this strategy is hereafter called noSRC).
158
The assembly metrics appear very similar between SRC and noSCR (Tab. 4). A comparable 159 number of reads were used for the assembly step and a comparable number of assembled contigs 160 were obtained. The N50 value for the noSRC strategy is slightly longer while the remapping rates 161 are 5% better with the SRC strategy. Calculation times performed on the same bioinformatic 162 cluster revealed that the SRC strategy was 40 hours longer. The SRC strategy showed 50% less 
171
To test the usefulness of the categorization step, all M3 contigs from the SRC strategy were 172 taxonomically assigned using MEGAN6 (Additional files 5 SRC_c impact on assembled contigs quality and calculation times of Radiolaria-Dinophyta holobiont model (M3) compared to a direct meta-transcriptome assembly strategy. In grey are displayed the details for SRC_c holobiont categories (host, symbiont, shared and unassigned). The "total" values for N50 and remapping rates of the SRC_c strategy were re-calculated on pooled contigs from host, symbiont, shared and unassigned subsets.
Discussion
The use of SRC_c to tackle meta-transcriptomic challenges
The strategy proposed here is a practical and scalable solution for transcriptomic assembly of non-179 model holobiont organisms, from which no or limited genomic information is available. The present 180 implementation of SRC_c [23] based on reference databases of putative partners involved in the 181 holobiont consortium, and our analysis strategy, enabled the categorization of holobiont reads into 182 13 4 subsets. Then, these subsets have been independently assembled, limiting potential creation of 183 chimeras while generating more assembled contigs (Fig. 1) . The newly defined shared reads 184 category represents an added value compared to other holobiont transcriptomic studies and has 185 been later processed with the same methodology than other categories (Fig. 1 ).
186
With respect to the reference libraries, as exemplified in M1, when the expected symbiotic partner 
200
We also compared the metrics of our SRC_c contigs to those from previous studies (M1a and M2) 201 [24, 30] . With the SRC_c strategy, the amount of reads used for de novo assembly of M2 was 202 higher than for previous studies (Fig. 3 ). We found that, not only our strategy allowed defining a 203 new category of contigs (the "shared" contigs), but also allowed assembling more contigs than 204 previous studies ( Fig. 3 ). Our contigs metrics showed lower N50 for both models compared to 205 previous studies, but showed higher remapping rates overall for M1a (up to 90%, (Tab. 3)).
206
Differences in the number of contigs as well as contigs metrics could be the results of the use of 14 distinct de novo assembly software: e.g. M2 data were processed with the CLC workbench [CLC 208 bio, Boston, MA, USA; (https://www.qiagenbioinformatics.com/)] in the original publication while we 209 choose the Trinity software [41] otherwise we suggest that SRC_c do not significantly impact 210 transcriptome assembly. In fact, previous studies had shown that Trinity is able to generate more 211 assembled contigs than the CLC assembler when applied on the same dataset. It is also known 212 that assembled contigs from Trinity are shorter than those assembled by CLC but provided similar 213 proportion of significant hits to the nr database [42] .
214
With M1a, our strategy produced 1.5 times more CDs with a functional annotation ( Fig. 3) . At that 215 point we are unable to tell whether this observation can be the consequence of a better suited 216 assembly strategy (SRC_c treatment and / or assembly software), and / or the use of a different 217 annotation pipeline, and / or the supplementation of reference annotation databases between 2015 218 [24] and 2017.
219
With M3 analyses we can estimate how SRC_c impacts the de novo assembly step and 220 downstream analyses compared to a more conventional protocol (here called the noSRC strategy)
221
(Tab. 4). The calculation time for the two protocols showed that the SRC_c strategy increases the 222 total time with nearly 40 additional hours compared to a classic assembly strategy (Tab. 4).
223
However, compared to classic strategies, the SRC_c strategy has the tremendous benefit to create 224 directly 4 independent subsets (two of which are directly assigned to holobionts partners).
225
Otherwise, minimal differences were found between the two protocols concerning the number of 226 assembled contigs and, as for M1a and M2, the SRC_c strategy produces shorter contigs 227 sequences with higher remapping rates but a significant diminution of the number of potential 228 chimeras was observed. We conclude that the read assignation performed before the assembly 229 step largely contributes to limit the production of chimeras. This shows that the use of SRC_c 230 impacts the de novo assembled transcriptome quality and contributes to address one of the most 231 delicate de novo assembly challenge [43] . The MEGAN6 contigs assignation from M2 shows more 232 contigs than SRC_c could assign to host and symbiont (Tab. 3 and Additional files 2). In contrast, 233 15 MEGAN6 assigned less contigs to host and symbiont than SRC_c for the M3. We suggest that 234 SRC_c performs well in non-model organisms context with libraries containing taxonomically close 235 organisms reference sequences.
236
SRC_c helps us to make new biological assumptions
For all models, the SRC_c strategy led to a higher number of annotated contigs, however as only 237 partial information on the annotation content were provided separately for the host or the 238 symbionts in previous publications [24, 30] , we were mainly restricted to qualitative comparisons.
239
Comparing the M1a host transcriptomes to the previous study transcriptome, very few similarities 240 were found for the most occurring functions, even if the most annotated function is common (i.e. 
254
Symbioses involving single cell heterotrophic hosts and photosynthetic symbionts have been 255 described in the oceanic plankton using morphological and molecular data [5] [6] [7] 15] . Radiolarians biogeochemical significance [44] [45] [46] [47] [36, 48] . In this study, the radiolarian host belongs to the Collodaria order which is ubiquitous 261 and abundant in the open ocean [36, 49] . Our knowledge about their ecology and evolution is we thus assume that any k-mer is relevant when it comes from a reference sequence.
280
Accordingly, in this study, we kept the default k-mer solidity threshold value that was appropriate 281 17 when indexing reads (i.e. sequences shorter than 300 bp, with a relatively high coverage), and lowered it to 1 when indexing longer sequences as ESTs or assembled genes. Due to the size is higher [50] , however 25 base pairs corresponds to a decent value to ensure the uniqueness 286 of the read [51] . During the query phase of SRC_c, a query sequence (from a dataset Q) must 287 contain at least s% positions covered by at least one indexed k-mers (from a dataset B), to be 288 considered similar to data from the set B [23] . As the s default value is set to 50%, it means that a 
293
BLAST-like methods, SRC_c relies uniquely on shared k-mers for its similarity computation. It 294 means that a certain amount of error-free k-mers (i.e. k-mers that do not contain sequencing 295 errors) must be found in common in order to output sequences, which can make SRC_c less 296 sensitive compared to alignment methods which authorize mismatches. However contrary to 297 alignment methods, SRC_c was tailored to scale to very high-volume datasets and comparisons 298 presented in [23] showed that SRC_c could handle sets of orders of magnitudes higher volumes 299 than BLAST (Additional files 7). SRC_c's efficiency relies on its particular probabilistic data 300 structure. The lightweight indexing and query of k-mers is made at the price of rare false positives.
301
In our case, false positives correspond to k-mers that are not contained in the original indexed 302 library. Such a false positive rate is controlled and low (Additional files 7). As in this work, the k-303 mer size was relatively low (i.e. 25), the default value for this parameter was kept ensuring a low 304 false positives rate. For longer k-mers (i.e. size > 31), we recommend to increase the size of the 18 In our tests, SRC_c helps to retrieve holobiont reads similar to host or symbiont close species.
308
Previous tools like COMMET [50] already proposed such computation, although their data 309 structure makes difficult the use of k-mers of small size, as computation time would be drastically 310 impacted. SRC_c was chosen for its simple output and its adaptability to the heterogeneous 311 nature of the libraries studied. This is simply made by adapting the k-mer lowest occurrence and 312 size parameters.
313
Future works on SRC_c parameters settings could include more extensive exploration of the 314 impact of the similarity threshold parameter on the sensitivity of our approach. In this regard, if the 315 reads similarity rate to the libraries could be relaxed, it may decrease the number of unassigned 316 reads in particular for poorly studied models. A second strategy would be to implement an iterative 317 enriching strategy to maximize the proportion of holobiont reads assigned to the host or to the 318 symbiont. This strategy can allow to assign more sequences in the case of non-model organisms.
319
After a first assignment round with SRC_c, holobiont reads linked to an identified group 320 (host/symbiont) can be added to the reference libraries. Then, based on these new enriched 321 libraries, a second run of SRC_c can be performed on the holobiont reads. This can be 322 implemented as an iterative pipeline: at each round, more reads will be assigned to the host or 323 symbiont categories and will then be used as reference libraries. Finally, the approach proposed 324 here has been applied to holobiont systems (between 2 partners) but it could be used to address Taxonomic assignment with MEGAN6 24 The contigs sequences were compared to the nr database (August 2017 version) with the 447 DIAMOND software [66] (v0.28.22.84) using default parameters for BLASTx comparison and a e-448 value of 1e -3 . The resulting alignments were processed with the daa2rma tool script provided with 449 MEGAN6 and GeneInfo Identifier (GI) were mapped to alignments using the gi_taxid.bin file 450 (version of May 2017). Finally, taxonomic assignment has been calculated with default parameters 451 using the MEGAN LCA (Last Common Ancestor) algorithm and were visualized through the 452 MEGAN6 software.
453
Chimeras identification
We followed the protocol described in [67] . 50,000 randomly sampled de novo assembled contigs 454 for the M3 (with the SRC strategy and without SRC strategy) were compared to the 7,215 Rhizaria 455 presumed contigs from [15] 
